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Available online 14 July 2016AbstractNon-point source nitrogen loss poses a risk to sustainable aquatic ecosystems. However, non-point sources, as well as impaired river seg-
ments with high nitrogen concentrations, are difficult to monitor and regulate because of their diffusive nature, budget constraints, and resource
deficiencies. For the purpose of catchment management, the Bayesian maximum entropy approach and spatial regression models have been used
to explore the spatiotemporal patterns of non-point source nitrogen loss. In this study, a total of 18 sampling sites were selected along the river
network in the Hujiashan Catchment. Over the time period of 2008e2012, water samples were collected 116 times at each site and analyzed for
non-point source nitrogen loss. The morphometric variables and soil drainage of different land cover types were studied and considered potential
factors affecting nitrogen loss. The results revealed that, compared with the approach using the Euclidean distance, the Bayesian maximum
entropy approach using the river distance led to an appreciable 10.1% reduction in the estimation error, and more than 53.3% and 44.7% of the
river network in the dry and wet seasons, respectively, had a probability of non-point source nitrogen impairment. The proportion of the impaired
river segments exhibited an overall decreasing trend in the study catchment from 2008 to 2012, and the reduction in the wet seasons was greater
than that in the dry seasons. High nitrogen concentrations were primarily found in the downstream reaches and river segments close to the
residential lands. Croplands and residential lands were the dominant factors affecting non-point source nitrogen loss, and explained up to 70.7%
of total nitrogen in the dry seasons and 54.7% in the wet seasons. A thorough understanding of the location of impaired river segments and the
dominant factors affecting total nitrogen concentration would have considerable importance for catchment management.
© 2016 Hohai University. Production and hosting by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
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Non-point source nitrogen pollution is a leading cause of
degraded water quality and impaired aquatic ecosystems
(Carpenter et al., 1998; Sun et al., 2013). Remedial actions
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creativecommons.org/licenses/by-nc-nd/4.0/).dominant factors affecting nitrogen loss. Despite the extraor-
dinary effects of remedial actions, non-point source nitrogen
from agricultural catchments remains one of the pollutants
most difficult to monitor and regulate due to its diffusive na-
ture, budget constraints, and resource deficiencies (Yang and
Jin, 2010). Furthermore, non-point source nitrogen loss is
contingent on catchment characteristics, including land use,
soil, and topography, and is thus typically episodic and highly
localized (Donner, 2003). Variations in catchment character-
istics often result in variations in ecological and hydrological
conditions, thereby altering the production, transport, and de-
livery of pollutants to rivers (Cundill et al., 2007). A thoroughThis is an open access article under the CC BY-NC-ND license (http://
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factors affecting non-point source nitrogen loss would have
considerable importance for catchment management.
Many studies have discussed methods for predicting non-
point source pollution along impaired river segments
(Bhaduri et al., 2000; Xiao and Ji, 2007). One method is to
employ geostatistics-based approaches that use the principle of
correlation among similar data points to derive values at un-
monitored locations (Ignaccolo et al., 2014). Traditional geo-
statistical methods, such as the kriging and cokriging
techniques, use a Euclidean metric to calculate distances be-
tween the monitoring points. However, these techniques are all
linear estimators (Castillo-Santiago et al., 2013). It is often the
case that the parameter of interest behaves nonlinearly. The
spatiotemporal Bayesian maximum entropy approach is an
extension of the linear geostatistical method that was developed
as a non-Gaussian and nonlinear estimator (Christakos, 1990).
This method provides a rigorous mathematical framework to
process a wide variety of knowledge bases characterizing the
spatiotemporal distribution and monitoring data available.
However, many studies have only examined ambient environ-
mental parameters that were not inherently restricted by the
river network configuration. The river plays an important role in
the movement of non-point source nitrogen. Hoef et al. (2006)
showed that a flow-weighted covariance model using the river
distance is more accurate than a model using the Euclidean
distance. On the other hand, Cressie et al. (2006) compared the
Euclidean distance model and flow-weighted covariance model
and found that the Euclidean distance model performed better.
Multivariate statistical models have been widely used to
quantify the relationship between catchment characteristics
and nitrogen in rivers. Despite their great potential for inves-
tigating catchment characteristics to determine the causes of
pollution, the use of conventional statistical methods also
presents particular analytical challenges. One important
obstacle is the inability of these methods to address the
problem of auto-correlated data, particularly in cases with few
observations (Yuan, 2004; Yan et al., 2013). Spatial data
exhibit autocorrelation, which leads to difficulties in meeting
the assumptions and requirements of conventional regression
techniques. Spatial regression models, especially spatial lag
regression models, incorporate spatial dependence in the form
of lag and have proven useful for detecting spatial patterns in
river water quality (Ye et al., 2007).
The present study was undertaken against this background.
The specific objectives were (1) to estimate the non-point
source nitrogen at unsampled locations with limited moni-
toring data, (2) to distinguish the impaired river segments, and
(3) to determine the main factors affecting non-point source
nitrogen loss.
2. Study area and methods2.1. Study areaFig. 1. DEM image of study catchment and monitoring sites.This study was conducted in the Hujiashan Catchment,
which is located in the Hanjiang Basin of central China,between the latitudes of 32440N and 32490N and longitudes
of 111120E and 111150E. The catchment has a drainage
area of approximately 23.9 km2 (Fig. 1) and the population is
estimated at 2300 in the residential lands. Elevations within
the catchment range from 258 m to 702 m. The catchment is
characterized by a subtropical monsoon climate, with a mean
annual temperature of 16.1C and annual precipitation
varying between 800 mm and 1000 mm. More than 80% of
the rainfall occurs from May to October (Li et al., 2009),
which induces nitrogen loss due to the effect of runoff. To
account for seasonal variation, non-point source nitrogen data
were divided into two categories: data in dry seasons (i.e.,
November to April) and data in wet seasons (i.e., May to
October). Soil types are dominated by purple soil and yellow-
brown soil according to the Chinese soil classification system
(NSSO, 1998), corresponding to Alfisols and Inceptisols,
respectively, in Soil Taxonomy of the Unites States (USDA-
NRCS, 1999).2.2. Data processing
2.2.1. Nitrogen data
The dominant land cover in the Hujiashan Catchment in-
cludes forests (49.8%), croplands (45.9%), residential lands
(2.1%), grasslands, and water bodies (Fig. 2). Combining land
use maps and field investigations, we found that croplands and
residential lands are concentrated along the river network and
there are no drained farmlands. Fertilizers, including ammo-
nium nitrate and phosphate, are applied to the croplands.
Methane tanks have been built by every household and there
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study period. The routine monitoring of water quality was
carried out in the study catchment. Eighteen monitoring sites
were selected throughout the catchment (Fig. 1). Each site was
located in the main outlet of the sub-catchment along the river
channel. Overall, the selected sites represented a range of sub-
catchment areas with various combinations of land use. Sur-
face water was sampled to evaluate the concentration of total
nitrogen in rivers within the Hujiashan Catchment. During the
wet seasons, surface water was sampled in the non-rainy pe-
riods. Three repeated samples from one time were collected
from each site at biweekly intervals from January 2008 to
October 2012 using 1-L polypropylene bottles and were stored
in cool boxes for transportation. The total nitrogen concen-
tration was analyzed within 48 h using the method of alkaline
persulfate digestion and HCl-acidified UV detection (Cleceri
et al., 1998). The mean values were obtained from the
repeated samples at each site. Total nitrogen data were
measured 116 times at each site in the study period, and were
prepared for the spatiotemporal analysis with the Bayesian
maximum entropy approach and spatial regression model. A
preliminary analysis showed that the distribution of the raw
monitoring data is highly skewed. Logarithmic transformation
of the total nitrogen concentration (ln r(TN), where r(TN) is
the total nitrogen concentration) was chosen to reduce the
coefficient of skewness. Due to the non-normal distributions
of dissolved nitrogen concentration, the non-parametric
Kruskal-Wallis test was used to test for seasonal differences,
with a significance level p set at p < 0.05.Fig. 2. Land cover types in study catchment.2.2.2. Spatial data
The basic data used to measure catchment characteristics in
this study included a digital elevation model (DEM), climate
data, soil data, and drainage data. Specifically, a DEM with a
grid resolution of 25 m  25 m was supplied by the National
Administration of Surveying, Mapping and Geoinformation.
Rainfall data were obtained from the meteorological stations
located in the Hujiashan Catchment. The soil data, including a
soil type map (1:100000 scale) and related information, such
as soil drainage, were provided by the Soil Survey Office of
Hubei Province. Data regarding the potential factors control-
ling non-point source nitrogen were extracted to delineate
catchment characteristics. For example, morphometric vari-
ables including the catchment area, mean slope, and mean
elevation were calculated based on a DEM within ArcGIS
10.1. To quantify land cover composition, the available land
cover data, processed from the Landsat archive in 2007, were
obtained from the Changjiang Water Resources Commission.
Non-normal variables were logarithmically transformed to
ensure normality.2.3. Evaluation methods
2.3.1. Evaluation of non-point source nitrogen along river
networks
The Bayesian maximum entropy approach was introduced
by Christakos (1990) and based on a space/time random field
(S/TRF). Let Xp ¼ Xs0, t0 denote the S/TRF of a nitrogen
pollution attribute, and the vector p ¼ (s0, t0) denote a spatio-
temporal site, where s0 is the geographical location and t0 is the
time. The approach provides a mathematically rigorous
framework that integrates a variety of available knowledge
bases (KBs) with data having varying levels of epistemic un-
certainty. The epistemic framework distinguishes the KBs of
ambient pollutants into (a) the general knowledge base (G-
KB), including physical and biological laws, primitive equa-
tions, and spatiotemporal moments, and (b) the site-specific
knowledge base (S-KB), including the monitoring data. The
Bayesian maximum entropy approach integrates both knowl-
edge bases for the spatiotemporal estimation using the
following equation:
8><
>:
R
dcðg gÞexpðmTgÞ ¼ 0R
dcxSexpðmTgÞ AfKðcÞ ¼ 0
ð1Þ
where c is a vector or matrix of total nitrogen concentrations at
mapping points, and c ¼ ½c1, c2, …, cnT; g is a vector of
functions of expected values g, which are known from the G-
KB; m is a vector of ma-coefficients that depends on the
spatiotemporal coordinates (a ¼ 0 represents the Euclidean
distance and a ¼ 1 represents the river distance) and is asso-
ciated with g; xS represents the S-KB available; A is a normal-
ized parameter; and fK is the pollutant probability density
function at each spatiotemporal point. Here, the inputs of the
terms g and xS are 1. To estimate the data at unmonitored
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maximum entropy approach based on the river distance, which
corresponds to the shortest distance along the river between the
two points of interests, was used. In regard to the aquatic pro-
cesses, we hypothesized that the amount of denitrification was
equivalent to the amount of nitrification in simplified models.
For visualization purposes, a small buffer (0.02 km) was over-
laid using a geographic information system (GIS). The software
BMElib version 2.0b was used in the analysis.
A covariance model that used both the Euclidean and river
distances was selected. The selected model is an isotropic
exponential-power covariance model, which allows using the
river distance (Hoef et al., 2006). Using the model, the
covariance of ln r(TN) between spatiotemporal sites
p ¼ ðs0, t0Þ and p0 ¼ ðs00, t00Þ is expressed as
Cðs;tÞ¼c1exp
3s
as1

exp
3t
at1

þc2exp
3s
as2

exp
3t
at2

ð2Þ
where s ¼ da(s0,s00) and t ¼ jt0  t00j are the spatial and tem-
poral lags, respectively; s00 is the spatial coordinate; t00 is time;
and da(s
0,s00) ¼ adR(s0,s00) þ (aþ1)dE(s0,s00) is an a-weighted
average of the Euclidean distance dE(s
0,s00) and the river dis-
tance dR(s
0,s00). This model consists of two structures. The
parameters c1 and c2 are the sills for structure 1 and structure
2, respectively; the parameters as1 and as2 are the spatial
ranges for structures 1 and 2, respectively; and the parameters
at1 and at2 are the temporal ranges for structures 1 and 2,
respectively. For each value of a, the parameters (c1, as1, at1,
c2, as2, and at2) of the covariance model (Eq. (2)) were ob-
tained using least squares fitting between the covariance
function and experimental covariance values calculated from
the ln r(TN) data. Therefore, the general Bayesian maximum
entropy approaches include the covariance function.
Cross-validation analysis was performed to calculate the
root mean square error (RMSE ) to determine a better model
for estimating ln r(TN) between the Euclidean distance and
river distance:
RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
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where xi and yi represent the estimated and observed total ni-
trogen concentrations at location i, x and y represent the means
of the estimated and the observed values, respectively, and n is
the number of locations where data observations are available.
The root mean square error can identify and quantify the stan-
dard deviation of estimated values from the observations
(Ciupak et al., 2015). The standard deviation represents
different aspects of the discrepancy between the estimates and
the measurements. The method with the lowest root mean
square error was used in the assessment and estimation of total
nitrogen concentration for the whole study area.2.3.2. Evaluation of impaired river segments
To better understand the spatiotemporal patterns of total ni-
trogen impairment and quantify the probability of these impair-
ments, a criterion-based spatiotemporal assessment framework
was employed to determine the proportion of river segments
meeting a certain probability threshold. For illustration purposes,
we use the Environmental Quality Standards for Surface Water
(GB 3838d2002) promulgated by the Ministry of Environ-
mental Protection of China. According to this standard and
current environmental quality in the study area, water quality for
class III corresponds to amoderate pollution level,whereaswater
qualities for classes IVandVare considered high pollution levels.
Under the standard, the total nitrogen concentrations for class III
and class V are 1.0 mg/L and 2.0 mg/L, respectively. In the
Bayesian maximum entropy approach using the river distance,
we used the water quality standard guideline for class III, ac-
cording to the requirements of the Changjiang Water Resources
Commission for potable water sources. Using this standard
guideline, the probability of violation at a spatiotemporal site is
then defined as the probability that the mean estimation of the
better model is less than 1.0 mg/L.
The proportion of impaired river segments during any given
day of the study period is then obtained by calculating the pro-
portion of equidistant estimation points for which the probability
of violation is in excess of somepreselected probability threshold.
2.3.3. Evaluation of main controlling factors
To identify the main controlling factors explaining non-point
source nitrogen variation, we used spatial lag regression
models. The dependent variables were non-point source nitro-
gen concentrations during the dry and wet seasons from 2008 to
2012, and the independent variables were the calculated
morphometric variables and soil drainage of each land cover
type. The spatial lag regression models, in which the dependent
variable is affected by the independent variable at adjacent lo-
cations, can remove any biased trends in spatially dependent
data. The spatial lag regression was performed within the
GeoDa software and is based on the following formulas:
y¼ rWy þXbþ ε ε¼ lWε þ x ð4Þ
where y is an n  1 matrix of observations of the dependent
variable; ε is a vector of random error terms; Wy and Wε are
the n  1 spatial weight matrices of y and ε, respectively; r is
the spatial autoregressive parameter; X is an n  k matrix of
observations of the independent variables, with an associated
k 1 regression coefficient vector b; l is the autoregressive
coefficient of the error model; and x is the homoscedastic and
independent error term.3. Results and discussion3.1. Descriptive statisticsThe summary statistics of total nitrogen concentration for
different seasons are given in Table 1. Due to seasonal rainfall
variation, the mean values of total nitrogen concentration
Table 1
Summary statistics for total nitrogen concentration during different seasons.
Period N Mean (mg/L) SD (mg/L) Range (mg/L) Skewness Kurtosis p
Jan. 2008eApr. 2008 8 6.81 3.58 11.36 0.18 1.47 0.013
May 2008eOct. 2008 12 4.75 4.24 18.73 2.05 4.01
Nov. 2008eApr. 2009 12 1.51 1.83 11.36 2.35 7.85 0.031
May 2009eOct. 2009 12 2.43 1.99 9.75 1.32 1.90
Nov. 2009eApr. 2010 12 2.24 2.80 20.94 4.42 27.29 0.046
May 2010eOct. 2010 12 2.10 2.00 20.99 3.62 28.76
Nov. 2010eApr. 2011 12 2.15 1.73 7.66 0.99 0.47 0.043
May 2011eOct. 2011 12 1.96 1.60 6.84 0.93 0.11
Nov. 2011eApr. 2012 12 2.47 1.68 6.78 0.72 0.10 0.011
May 2012eOct. 2012 12 1.04 0.96 6.30 2.49 9.38
Note: N and SD refer to the number of values and the standard deviation, respectively.
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and between 1.04 mg/L and 4.75 mg/L in the wet seasons. The
extreme observations occurred from January 2008 to April
2008 and from May 2012 to October 2012. These results
suggest that the total nitrogen concentrations exhibited strong
temporal variability. The concentrations in the dry seasons
were mostly higher than those in the wet seasons ( p < 0.05).
The variation appears to be consistent with previous results,
which indicated that nutrient concentrations are typically
greater under low-flow conditions (Donner, 2003). Consider-
able spatial variation is also shown by the large ranges be-
tween the minimum and maximum values for the different
seasons. For example, the range in the period from November
2009 to April 2010 reached 20.94 mg/L and the range in the
period from May 2010 to October 2010 reached 20.99 mg/L.
These were the largest ranges for the data examined in the dry
and wet seasons, respectively. Descriptive statistics (standardFig. 3. Spatial and temporal covariances of log-transformeddeviation, skewness, and kurtosis) also showed that the total
nitrogen concentration was largely significant.3.2. Estimation of non-point source nitrogen
3.2.1. Covariance analysis
The spatial and temporal covariances of the mean trend
were calculated and modeled using both the Euclidean dis-
tance and river distance. All of the data sets were log-
transformed prior to analysis. Fig. 3 shows the covariance
C(s,t) of ln r(TN) obtained for the Hujiashan Catchment. The
structure of the covariance model with parameters provided
insight into the variability and correlation of total nitrogen
concentrations between sites. C(s,t¼ 0) (Figs. 3(a) and (c))
reveals how the covariance varied as a function of the spatial
lag s for a temporal lag t equal to zero. Meanwhile, C(s¼ 0,t)
(Figs. 3(b) and (d)) shows how the covariance varied as atotal nitrogen concentration in Hujiashan Catchment.
Table 3
RMSE of cross-validation during dry and wet seasons.
Period RMSE using
Euclidean distance
(mg/L)
RMSE using
river distance
(mg/L)
Change in
RMSE (%)
Jan. 2008eApr. 2008 4.381 4.225 3.6
May 2008eOct. 2008 4.770 3.257 31.7
Nov. 2008eApr. 2009 2.450 2.139 12.7
May 2009eOct. 2009 5.195 4.548 12.5
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covariance model parameters obtained with the Euclidean and
river distances are summarized in Table 2, which shows two
classes of potential covariance functions. Using the river dis-
tance, the sill c1, the spatial range as1, and the temporal range
at1 were 0.62 mg/L, 0.67 km, and 570 d, respectively, in the
first structure of the covariance model. These results suggest
that the first structure corresponds to small-scale fluctuations,
and explains approximately 86% of the overall variability in
total nitrogen concentration. The large-scale fluctuations were
represented by the second structure of the model with a sill c2
of 0.10 mg/L, a spatial range as2 of 0.70 km, and a temporal
range at2 of 1400 d. However, the contribution of the second
structure to the total variance of 0.72 mg/L (the sum of c1 and
c2) was small. Using the Euclidean distance, the spatial ranges
as1 and as2 were 0.73 km and 0.75 km, respectively. at1 and at2
were temporal ranges with respective values of 180 d and
1400 d. The sills c1 and c2 were 0.32 mg/L and 0.09 mg/L,
respectively. These results indicate that the first structure ex-
plains approximately 78% of the overall variability in total
nitrogen concentration. The contribution of the second struc-
ture to the total variance of 0.41 mg/L is also small.
The corresponding spatial range as1 of the first structure
with the river distance was less than that using the Euclidean
distance, and the value of c1 using the river distance is almost
twice that using the Euclidean distance. Total nitrogen con-
centration displayed higher spatial correlation when the con-
straints of the river network were taken into account,
suggesting that non-point source nitrogen pollution levels are
correlated with short distances along the river network.
Croplands and residential lands were concentrated along the
rivers in the study catchment. Agricultural activities along the
river network have major impacts on the non-point source
nitrogen pollution (Atkinson et al., 2009). This can explain the
higher non-point source nitrogen concentrations because the
dynamic effect of nitrogen loss is due to rainfall and the runoff
delivering nitrogen into the nearby river network.
These fluctuations had a temporal range of approximately
1400 d or four calendar years regardless of whether the
Euclidean distance or river distance was used. This range
captures time scales corresponding to long-term effects of
human activities on the environment as well as climatic
changes that may alter the nitrogen balance between soil and
the water body (Johnson et al., 2009). The temporal range of
four years is large, suggesting that agricultural activities may
have long-lasting impacts on non-point source nitrogen. This
result may have serious policy implications in that, although
pollution prevention strategies may quickly abate the effect of
point source pollution, these strategies may face much greaterTable 2
Spatial and temporal covariance model parameters of total nitrogen
concentration.
Scheme c1 (mg/L) as1 (km) at1 (d) c2 (mg/L) as2 (km) at2 (d)
Euclidean distance 0.32 0.73 180 0.09 0.75 1400
River distance 0.62 0.67 570 0.10 0.70 1400challenges in abating the effect of non-point source nitrogen in
the surface water of the Hujiashan Catchment.
3.2.2. Performance of Bayesian maximum entropy approach
A comparison in terms of a cross-validation test was per-
formed to examine the differences in estimation using the river
distance and Euclidean distance. Table 3 summarizes the root
mean square error of cross-validation using the distances listed
above during the dry and wet seasons. Compared to the esti-
mation using the Euclidean distance, the use of river distance
for estimation resulted in decreases of approximately 3.6%,
12.7%, 3.1%, 22.7%, and 14.0% in the dry seasons, and
31.7%, 12.5%, 18.0%, 16.6%, and 22.5% in the wet seasons.
An average decrease of 10.1% was determined based on the
root mean square error during the study period. Moreover, the
reduction of root mean square error in the wet seasons was
generally larger than that in the dry seasons. As indicated by
Tables 1 and 3, the Bayesian maximum entropy approach
using the river distance performed better than that using the
Euclidean distance. Non-point source nitrogen is known to be
restricted by the river network configuration and transportation
by rainfall runoff, suggesting that the Bayesian maximum
entropy approach using the river distance is particularly useful
for non-point source pollution data. As a result, the Bayesian
maximum entropy approach using the river distance was
deemed to be the most accurate representation of non-point
source nitrogen pollution in the Hujiashan Catchment. This
method was then used in the subsequent estimation and
mapping of non-point source nitrogen pollution for the whole
study catchment.
3.2.3. Estimation of non-point source nitrogen
Using the river distance, we conducted better estimation of
non-point source nitrogen pollution along the river network
during the dry and wet seasons from January 2008 to October
2012. Fig. 4 shows the estimated concentrations over time and
space. January and May 2008 displayed the highest non-point
source nitrogen concentrations over the period of five years.
January andMay 2009 were dominated by low non-point sourceNov. 2009eApr. 2010 2.584 2.505 3.1
May 2010eOct. 2010 1.420 1.164 18.0
Nov. 2010eApr. 2011 1.820 1.407 22.7
May 2011eOct. 2011 2.121 1.768 16.6
Nov. 2011eApr. 2012 2.945 2.534 14.0
May 2012eOct. 2012 1.485 1.151 22.5
Jan. 2008eOct. 2012 2.269 2.040 10.1
Note: A negative value in change in RMSE indicates a reduction in overall
RMSE when using the river distance.
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sults shown in Table 1, which indicated that highest and lowest
mean non-point source nitrogen concentrations in the dry sea-
sons occurred in 2008 and 2009, respectively. In the Hujiashan
Catchment, over-fertilization and the sloping farmland tillage
are considered unavoidable ways to support society, due to local
economic development, population growth, the demand for food
production, and the limited cultivation in mountainous areas.
The excessive use of chemical fertilizer for agricultural activ-
ities results in increasing concentrations of agricultural non-
point source nitrogen (Chen et al., 2009). In addition, sloping
farmland tillage promotes soil erosion in response to each
rainfall event during the growing season (Ma et al., 2011). Many
studies suggest that sloping farmland tillage leads to high rates
of erosion, which subsequently increase the rates of particulate
matter with nutrients entering water body (Shi et al., 2009).
As shown in Fig. 4, the majority of total nitrogen concen-
trations were greater than 1.0 mg/L. The concentrations of
non-point source nitrogen varied significantly in both the dry
and wet seasons. Rhodes et al. (2001) demonstrated that the
nutrient changes are largely due to seasonal controls of con-
centrations, and the highest concentrations occur during times
of low precipitation. High nitrogen concentrations in the dry
seasons originate from external nitrogen sources such as do-
mestic sewage rather than from river conditions (Fan et al.,
2012). These findings are consistent with the results in the
Hujiashan Catchment, which show higher nitrogen concen-
tration in the downstream reaches and the river segments close
to residential lands. Land use is widely accepted as a strongFig. 4. Total nitrogen concentration in Hujiashan Catchment from 2008
distance.influence on the water quality of adjacent aquatic systems (Lee
et al., 2009). A high correlation exists between exported ni-
trogen and the proportion of residential lands in a catchment
(Huang et al., 2010). In the study area, residential lands with a
high population density were primarily distributed along the
river network. Domestic sewage without treatment was dis-
charged into the adjacent rivers and caused pollution problems
(Welch, 2002).3.3. Assessment of impaired river segmentsFig. 5 shows the trend of non-point source nitrogen con-
centrations from January 2008 to October 2012. The nitrogen
concentrations in 93.1% and 93.5% of the river network, at
most, were found to be greater than 1.0 mg/L during the dry and
wet seasons, respectively. Additionally, 59.3% and 57.9% of
the river network, at most, displayed high nitrogen concentra-
tions (greater than 2.0 mg/L) during the dry and wet seasons,
respectively. The most serious pollution of the river network in
the Hujiashan Catchment occurred in 2008, mainly due to
chemical nitrogen fertilizers, animal waste, and domestic
sewage (Li et al., 2008). The proportion of the impaired river
with a total nitrogen concentration greater than 1.0 mg/L has
shown a repeated downward and upward trend since 2008,
decreasing to the lowest proportions of 53.3% and 44.7% for
the dry and wet periods, respectively, in 2009, then increasing
to 76.3% and 70.9% in 2010, and then gradually decreasing
until 2012. An increase may occur in the coming years. This
finding indicates that high concentrations of non-point sourceto 2012 based on Bayesian maximum entropy approach using river
Fig. 5. Percentage of impaired river segments in Hujiashan Catch-
ment with non-point source total nitrogen concentration exceeding
1.0 mg/L and 2.0 mg/L.
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ment. Non-point source nitrogen pollution is regulated by a
complex interaction between human activities and natural
processes, many of which may be either directly or indirectly
influenced by land use (Varol, 2013). Land use types are closely
related to the characteristics of human activities, which in turn
determine the anthropogenic substances carried into hydrologic
systems through runoff processes (Lee et al., 2009). In addition
to the concentrated residential areas along the river network,
agricultural lands also greatly contributed to the non-point
source nitrogen loads into adjacent rivers (Ongley et al., 2010).3.4. Evaluation of dominant factorsSpatial lag regression models were constructed to reveal the
mechanisms of non-point source nitrogen variation influenced
by catchment characteristics. As Table 4 shows, spatial lag
regression models identified significant explanatory variables
for non-point source nitrogen during different seasons. The
spatial lag regression models had a high value of coefficient of
determination (R2) and explained up to approximately 70.7%
of the variation in the dry seasons and 54.7% in the wet sea-
sons, suggesting that spatial trends are useful for understand-
ing spatial patterns of water contamination (Yang and Jin,
2010). Spatial lag regression models take the weighted mean
of the dependent variable into account for adjacent sub-
catchments and can better explain variation (Ye et al., 2007).
This finding implies that the effects of nitrogen contaminants
at one location could extend to neighboring sub-catchments,Table 4
Spatial regression model for variations of non-point source nitrogen
concentration.
Season Regression model R2 Significance
Dry ln r(TN) ¼ 0.75RCl þ 1.449RRes  0.082 0.707 p < 0.001
Wet ln r(TN) ¼ 1.151RRes þ 0.282 0.547 p < 0.001
Note: RCl and RRes refer to the percentages of croplands and residential lands,
respectively, of the total area of the Hujiashan Catchment.which may be influenced by similar anthropogenic pressures
and land cover types (Chang, 2008).
The spatial lag regression models indicated that the domi-
nant factors affecting non-point source nitrogen concentration
are croplands and residential lands, which were primarily
located close to the rivers (Fig. 2). This result suggests that
agricultural runoff carries high amounts of diffuse nitrogen
from fertilizer and manure into adjacent river systems (Ahearn
et al., 2005). Residential lands, although small in percent
cover (2.1%), exerted a disproportionately large influence on
the total nitrogen concentration, which confirmed that abun-
dant and intensive discharge of domestic sewage plays a major
role in variations in total nitrogen concentration. In the present
study, degraded water quality was generally positively corre-
lated with croplands and residential lands, which is consistent
with previous studies (White and Greer, 2006).
4. Conclusions
In this study, the Bayesian maximum entropy approach and
spatial regression model were used to explore the spatiotem-
poral patterns of non-point source nitrogen loss. The main
conclusions are as follows:
(1) The Bayesian maximum entropy approach using the
river distance in a spatiotemporal context led to an appreciable
10.1% decrease in the overall root mean square error
compared to the approach using the Euclidean distance.
Agricultural activities had about four years of impact on non-
point source nitrogen in the catchment.
(2) More than 53.3% and 44.7% of the river network in the
dry and wet seasons, respectively, had a probability of non-
point source nitrogen impairment. The proportion of the
impaired river segments exhibited an overall decreasing trend
from 2008 to 2012. The total nitrogen concentrations in the
dry seasons were mostly higher than those in the wet seasons.
The reduction of the proportion of the impaired river segments
in the wet seasons was greater than in the dry seasons.
(3) Croplands and residential lands have significant in-
fluences on nitrogen loss in river segments, and explained up
to 70.7% of total nitrogen in the dry seasons and 54.7% in the
wet seasons. Quantitatively identifying the specific causes of
high non-point source nitrogen contamination should be a
main focus in future work.
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